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Abstract
Title:
Symbol Salience Affects Change Detection Performance
in General Aviation Weather Displays

Author:
Adam A. Hruszczyk

Advisor:
Deborah S. Carstens, Ph.D.

General aviation pilots perform many tasks during a flight such as
navigating a route, performing 'see and avoid', operating the radio and navigational
instruments, viewing charts and approach plates, and scanning and interpreting
their flight instruments. In addition to these tasks, pilots may utilize a cockpit
weather presentation to monitor weather information for areas along the route of
flight. Due to the complexity of most modern weather displays, information
changes may go unnoticed. The objective of this study was to examine how
saliency characteristics such as line color, thickness, and orientation affected an
observer’s change detection performance and response time. The study divided the
sample population into three groups which were each designated a color of either
black, red, or blue. The participants then completed a part-task change detection
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experiment where their ability to distinguish changes between images was
measured, along with their response times for each trial. Upon completion of the
experiment, the data was analyzed using Bayesian Signal Detection Theory. The
key finding of this study was that change detection performance was best for
objects with higher saliency levels in both the line color and thickness cases.
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Chapter 1 Introduction

1.1 Problem Statement
With the complexity of modern weather displays, previous research
conducted by Ahlstrom and Suss (2015) suggest that pilots are failing to observe
changes in weather data while flying. General aviation pilots perform many tasks
during a flight such as navigating a route, performing 'see and avoid', operating the
radio and navigational instruments, viewing charts and approach plates, and
scanning and interpreting their flight instruments. In addition to these tasks, pilots
might use a cockpit weather presentation that displays weather information for
areas along the route of flight. Each of these tasks are vital to aviating,
communicating, and safely navigating an aircraft in flight. In the course of pilot
multitasking, weather presentation updates might provide new and important
changes to the previous weather conditions along the route of fight. Therefore, it is
important that pilots perceive weather symbology changes because new
information can have safety implications for the flight. Most modern weather
displays are complex due to containing many different symbols, colors, and line
segments superimposed on a map background. In addition, most symbol colors are
not optimized, and there is a lack of color or symbol standardization. Previous
1

research has found that symbol characteristics have different levels of effectiveness
when trying to convey information to the user (Ahlstrom & Suss, 2015). This
study was aimed to further examine how characteristics such as line color,
thickness, and orientation affect an object’s salience value as well as an observer’s
time to detection.

1.2 Purpose Statement
When a map symbol changes status (there is a color change), sometimes the
difference between these colors is minimal, thus making it harder to detect the
change. The ability to detect change within an image relies heavily on the salience
value of the objects within the image. Research has already been conducted that
examined how different symbols vary in regards to salience value (Ahlstrom &
Suss, 2015); however, the effect of color changes on an object's level of salience is
a field that is relatively untouched by the research world. The purpose of this study
was to empirically evaluate how differences in line symbol salience affect pilot
change detection performance. Because of the complexity of modern weather
displays, the present study was conducted on a wide range of participants to
empirically evaluate how differences in line symbol salience affect pilot change
detection performance.

2

1.3 Operational Definitions
In the context of the current study, symbol salience is defined as a visual
quality that sets an object apart from its surroundings (Wong, 2010). For this
study, the level of salience for each line segment was measured using a technique
similar to that used by Becker, et al. (2016), which involved generating salience
maps of each trial and measuring the intensities on the salience maps.
Change detection performance is defined as the primarily visual process of
understanding change in the world around us (Rensink, 2002). Many dimensions
can influence the ability to detect change in an environment. The process of
change detection involves detecting the change, identifying what changed, and
locating where the change occurred. For this study, the change detection
performance of each participant was assessed using three characteristics;
discriminability, bias, and response time. The discriminability of each participant
indicates how easily the participant can distinguish signal trials from noise trials.
Bias is a measure of the participant’s decision-making criterion and the response
time of each participant is the time (in milliseconds) it takes for the participant to
acknowledge whether or not there was a change in the image.

3

1.4 Research Question and Hypotheses
The research questions (RQ) and hypotheses are listed below:
RQ 1: What effect does the level of salience based on line color have on change
detection performance in weather displays?
RQ 2: What effect does the level of salience based on line thickness have on
change detection performance in weather displays?
RQ 3: What effect does the level of salience based on line orientation have on
change detection performance in weather displays?
Null Hypothesis 1
Ho1: The level of salience based on line color will have no significant effect
on change detection performance.
Alternative Hypothesis 1
HA1: The level of salience based on line color will have a significant effect
on change detection performance, with the blue line yielding the highest
detection performance, followed by the red line, and with the black line
yielding the lowest detection performance.
Null Hypothesis 2
Ho2: The level of salience based on line thickness will have no significant
effect on change detection performance.
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Alternative Hypothesis 2
HA2: The level of salience based on line thickness will have a significant
effect on change detection performance.
Null Hypothesis 3
Ho3: The level of salience based on line orientation will have no significant
effect on change detection performance.
Alternative Hypothesis 3
HA3: The level of salience based on line orientation will have a significant
effect on change detection performance.

1.5 Significance of the Study
The research conducted in this study can be used to benefit pilots in both
the commercial and general aviation communities by developing a more detailed
understanding of how information displays can grab the user's attention. The
results of this study could be used to create design standards for weather display
developers to use in order to make sure weather information is clearly displayed.
This could help reduce the number of weather related general aviation accidents
that occur each year. In some cases, however, simply enhancing the color change
of a symbol will not be enough to capture the pilot's attention while flying. For
these special cases, alternative methods for attracting attention will need to be
developed and studied.

5

1.6 Assumptions and Limitations
As with any scientific research, some assumptions and limitations were
made with regard to this study. Beginning with the assumptions, it was assumed
that the participants selected to take part in this study represented a truly random
sample. Random sampling is important because a random sample eliminates bias,
allowing the results to be representative of the entire population. Another
assumption was that the participants responded honestly and truthfully for each trial
throughout the duration of the study for the results to be valid. If participants were
deceptive in their responses, the researcher was given a false impression of the
outcome of the study.
The limitations associated with this study are found within the recruitment
of participants as well as the data collection process itself. With regards to the
participants, due to the location from where the sample was chosen, the geographic
scope of the participants was limited to college students at FIT. This convenience
sample consisted of a mixture of mostly younger flight and non-flight students in
the age range of 18 – 25 years old. This limitation could have had an effect on the
results in the sense that demographic information was different than that of the first
iteration of this study at the William J. Hughes technical center in Atlantic City, NJ.
Another limitation was the time allotted to collect data. The final limitation was
the amount of literature available on the topic of line and visual salience. After
researching topics such as line color salience, line thickness salience, and line
6

orientation salience, very little research could be found to directly support these
topics. Therefore, a gap in the literature exists in these areas, which the present
study contributed to reducing. To compensate for this limitation, an in-depth study
of saliency was conducted to incorporate any scientific information possible that
related to color, thickness, and orientation saliency.

7

Chapter 2 Literature Review

2.1 Introduction
An important element to keep in consideration for navigating a planned
flight route safely is the ability to monitor weather conditions along the flight path.
Weather phenomena contribute to safety hazards and reduce the operational
efficiency of the airspace (Ahlstrom & Arend, 2005). There are many ways a
general aviation pilot can keep tabs on changing weather conditions. One method
is by using portable or mounted weather displays. Through the use of applications
(apps) on smart phones, tablets or dashboard mounted consoles, pilots are able to
visually see exactly what weather conditions are nearby and relative to their
position in the sky (Mass, 2012). In order for these displays to be of any use while
flying, the information displayed must be easily conveyed and changes in weather
information must be detectable. Currently, there are no standards set for companies
to follow when designing their weather displays, thus leaving it up to the design
teams to pick which colors, sizes, and shapes they want to use (Mejdal, McCauley,
& Beringer, 2001). While this gives companies free range to create unique weather
display systems, it is imperative that the system effectively displays weather
changes to pilots for their own safety and the safety of their passengers. In
response to this, the Federal Aviation Administration (FAA) has developed the
8

Weather Technology in the Cockpit (WTIC) program which is responsible for
developing, verifying, and validating new requirements that are to be incorporated
into the Minimum Weather Service (MinWxSvc) standards (Pokodner, FAA's
Weather Technology in the Cockpit (WTIC) Program - Deriving a Minimum
Weather Service, 2015). One specific research project, headed by the FAA Human
Factors Division within the WTIC program, is evaluating how different levels of
salience can affect change detection performance for line segments. By
understanding how line color, line thickness, and line orientation affect the level of
salience of a line segment, it may be possible to determine their effect on change
detection performance.

2.2 The WTIC Program
With the mission “to provide the safest, most efficient aerospace system in
the world” (FAA, Mission, 2010), the FAA has overcome many challenges since its
birth as the Federal Aviation Agency back on December 31, 1958. The most recent
challenge facing the agency has been to develop a flexible aerospace system for the
21st century. On December 15, 2004, the Department of Transportation released
the plans for the Next Generation Air Transportation System (NextGen) (FAA,
2015). Designed to serve as the National Airspace Systems (NAS) backbone from
the year 2025 and beyond, NextGen is made up of many different programs that
play specific roles both in the air and on the ground. One of these programs is the
WTIC program. The general overview of the WTIC program describes it as a
9

collection of research projects working toward enhancing the quality and quantity
of meteorological information, while also making it more available to both
commercial and general aviation operators (Pokodner, 2011). According to the
2016 National Aviation Research Plan (FAA, 2016), WTIC supports the aviation
safety goals of NextGen by: “establishing requirements and standards for enabling
the availability and improving the quality and quantity of meteorological
information to safely implement NextGen operational improvements” (p. 43), and
to “improve accuracy and accessibility of observed and forecasted weather to
reduce the number of accidents and incidents attributed to hazardous weather” (p.
43). It was also included that WTIC research helps to identify safety hazards/risks
resulting from adverse weather conditions, as well as associated gaps of
meteorological information in the cockpit. By using this research to develop,
verify, and validate recommended requirements to be incorporated into MinWxSvc
standards, the associated safety risks and hazards of the identified gaps can be
mitigated.
According to research by Pokodner (2015) from the FAA, 40% of the fatal
accidents in general aviation are related to weather. One of the challenges facing
WTIC researchers is making weather information relevant to pilots. Contributing
to this challenge are many human factors issues associated with designing effective
cockpit weather applications. Some potential research in the human factors realm
with regard to general aviation includes issues associated with information
displays, training, and cognitive complexity. In an attempt to lower the number of
10

weather related accidents, the goals of WTIC are to enhance common situational
awareness and improve human factors (Pokodner, 2011).

2.3 Human Factors
Human factors focuses on achieving three main goals with regard to humansystem interaction: increase user satisfaction, enhance performance, and increase
level of safety (Wickens, Lee, Liu, & Becker, 2004). Within the FAA, the benefits
of human factors research have been recognized as a vital component to the
agency’s mission for enhancing aviation safety. As a result of this, the FAA
established the Human Factors Policy under Order 9550.8A (2005), which required
the organization to incorporate and coordinate human factors considerations into all
FAA programs, facilities, and activities. The policy went on further to define
human factors within the FAA as: “a multidisciplinary effort to generate and
compile information about human capabilities and limitations and apply that
information to equipment, systems, facilities, procedures, jobs, environments,
training, staffing, and personnel management for safe, comfortable, and effective
human performance” (p. 2).
In a document from the FAA entitled “The Role of Human Factors in the
FAA” (2014), two key locations that focus on human factors research were
identified: the William J. Hughes Technical Center in Atlantic City, NJ, and the
Civil Aerospace Medical Institute (CAMI) in Oklahoma City, OK. At these
locations, human factors engineers and researchers utilize world-class laboratories
11

and simulation capabilities to understand the social, behavioral, cognitive, and
physical aspects of aviation professionals and the systems they use. The goals for
FAA human factors personnel can vary at these locations in order to support a
specific program, however, the overall effort is “to support the attainment of high
levels of human-system performance across all aviation domains” (p. 1). In
addition, important sub goals include: to maintain, and when possible improve,
aviation safety by reducing the impact of human error, to increase the efficiency
and performance of the NAS by improving the quality of operational decisions and
facilitating operational actions, to facilitate proposed changes to the NAS to
address operational needs, to increase the utilization of new capabilities, and to
reduce programmatic risks. To achieve these goals, the FAA works in cooperation
with many industry partners at national and international levels.

2.4 Aviation Weather Displays
As far as human factors are concerned, aviation weather displays are an area
of interest with regard to general aviation weather related accidents. With
advancements in wireless technology, graphical and textual weather data can reach
virtually any location through the extension of smart phones, using independently
created programs known as smartphone apps. There are currently over 1,000
weather apps available for download on Android or iPhone smartphones with a
wide range of varying quality and capability (Mass, 2012). Another system under
development for delivering weather information to pilots is the FAA’s Next
12

Generation Air Transportation System, otherwise known as NextGen. The
NextGen system promises to reduce weather delays for flights by providing
consistent weather information with the ability to also manage the flow of air traffic
while monitoring for terminal and enroute safety hazards (FAA, NextGen Weather,
2015).
Most modern weather displays are complex, containing many different
symbols, colors, and line segments that are all superimposed on a map background.
In addition, most symbol colors are not optimized because there are currently no
color or symbol standards to follow when designing a digital aviation weather
display. Previous research conducted by Ahlstrom and Suss (2015) suggests that
pilots are having difficulty observing changes in weather displays. After
examining weather presentations that included many different shapes and symbols,
they found that different symbols have different levels of effectiveness when trying
to convey information to the user. Factors such as size, shape, and color influenced
this level of effectiveness. When a map symbol changes status (there is a color
change), sometimes the difference between these colors is very minimal, thus
making it harder to detect the change. The inability to detect an image change is
known as change blindness (Rensink R. , 2002). According to Becker, et al.
(2016), an object’s salience value affects an observer’s time to detection by
reducing the amount of visual scanning. It might also affect an observer’s ability to
detect symbol color changes.
13

Recent weather display research within the WTIC program stems from the
Partnership to Enhance General Aviation Safety, Accessibility, and Sustainability
(PEGASAS) program (FAA, 2016). Comprised of six core universities and a
growing number of affiliate universities, the PEGASAS program carries out
research projects that support the need of the FAA’s research division. The
PEGASAS 2014 Annual Report (FAA, 2015) identified four individual projects
relating to the WTIC program: quantifying causality, unexpected transition from
visual meteorological conditions (VMC) to instrument meteorological conditions
(IMC), general aviation weather alerting, and general aviation meteorological
(MET) information optimization. Specifically relevant to this literature review is
the general aviation weather alerting study which examined weather information
displays for gaps and shortfalls that are contributing towards weather related
general aviation accidents. As of the PEGASAS 2015 annual report (FAA, 2016),
researchers have identified gaps in knowledge, skills, abilities, assessment
technology, and information presentation. One particular gap related to alerting
and notification is the change blindness gap.

14

Figure 1. METAR changes during flight (FAA, 2016).
A study was conducted on over 50 general aviation pilots at the FAA Technical
Center to determine how well pilots recognize METAR changes on digital displays
during flight. Airport conditions changed from VFR or visual flight rules (blue) to
IFR or instrument flight rules (yellow) over the course of the flight, see Figure 1.
The results of this study suggest that the recognition of VFR to IFR status changes
was significantly affected by the characteristics of the presentation itself; however,
the overall change detection performance of the pilots was low (Pokodner, 2015).

2.5 Change Detection Performance
According to a paper in the Annual Review of psychology by Rensink
(2002), change detection is the primarily visual process of understanding change in
the world around us. This includes three main steps: detecting that the change
15

occurred, identifying what changed, and locating where the change occurred. As
previously mentioned, the inability to detect a change is referred to as change
blindness. When studying change detection, there are a number of dimensions that
must be accounted for in order to guarantee the validity of the study: contingency
of change, repetition of change, content of display, content of change, observer
intent, type of task, and type of response. Failure to account for any of these
conditions into a study can induce change blindness.
With regards to repetition of change, there are two different approaches to
choose from based on the type of data the researcher wants to collect. The one-shot
technique is primarily used for measuring accuracy and collecting response time
data. With this approach, a single alteration of displays occurs followed by the
determination if change occurred. The flicker technique, also known as the
repeated-change technique, relies mostly on response time in order to measure
performance, see Figure 2. With this approach, the change is made repeatedly until
either the change is detected or the trial ends. With the flicker method, however,
research has found that change blindness and change detection can occur for the
very same stimulus because humans are poor at detecting change during brief
visual interruptions (Beck, Rees, Frith, & Lavie, 2001).

16

Figure 2. Gap-contingent change techniques. (a) One-shot technique involves a
single alteration of displays. (b) Flicker technique involves continuous cycling
of displays. Adapted from Rensink (2002).
Continuing forward, Rensink (2002) goes on to explain that focused
attention is needed in order to detect change. By incorporating a signal that is
unique and stands out from its background to attract attention to its location, the
likelihood of that change being detected increases. Verma and McOwan (2010) go
on to explain that visual attention can be summed up into either one of two
categories: top-down or bottom-up. Top-down attention shows that factors such as
prior knowledge, the context, and the task at hand influence the perception and
interpretation of an object. Supportive theories suggest that change detection and
identification have been more accurate once primed with a consistently reoccurring
scene. On the other hand, bottom-up attention theory suggests that the allocation of
attention relies on the properties of an image. To support this theory, Itti and Koch
17

(2007) developed a model that generates a salience map of an image in order to
determine viewer fixation points. After conducting a number of experiments that
examined the validity of top-down and bottom-up theories, Verma and McOwan
(2010) were able to find supporting evidence that levels of salience play an
important role in change detection performance.

2.6 Salience
“Salience detection is a principle mechanism to facilitate visual attention.
A good visualization guides the observer’s attention to the relevant aspects of the
representation” (Janicke & Chen, 2010, p. 1). Visual search is a fundamental and
routine behavior that we use to explore and interact with our environment every
day (McDermott, Malkoc, Mulligan, & Webster, 2010). When conducting visual
search, it is common that certain objects may stand out from others allowing the
viewer to focus more on them. This is salience at work. Salience is a visual quality
that sets an object apart from its surroundings (Wong, 2010). More importantly, it
is the ability of that quality to immediately grab our attention (Itti, 2007).
Presenting information in a salient way can make certain pieces of data
immediately recognized while allowing the visual cortex to simultaneously make
sense of additional visual features. Salience has also been described as a relative
property that depends on the relationship of one object to other objects in the same
environment (Wong, 2011).
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Some of the features that make an object more salient include; color, size,
orientation, shape, added mark, motion and grouping (Wong, 2010). Motion is the
most potent mechanism for attracting attention. When multiple stimuli are in a
scene they compete for our visual attention. We make sense of the visual field by
selecting, in turn, one or few objects for detailed analysis at the expense of all
others. Cognitive scientists create ‘salience maps’ to describe the relative visibility
of objects in an image that explain what we might look at first, second and so on.
What stands out is often taken as most important or relevant (Wong, 2011). It
should also be noted that unexpected or novel properties also become more
noticeable when one becomes more familiar with the environment in which they
are interacting (McDermott, Malkoc, Mulligan, & Webster, 2010). Likewise,
whenever a new object appears in a previously unoccupied location within an
image, the observer’s attention will be attracted toward it. This is referred to in the
change detection paradigm as an onset singleton (Cole, Kentridge, & Heywood,
2004).
A common theme with weather displays is that the screen is constantly
updating to show current weather conditions. While flying an aircraft, a pilot’s
workload is already very high. Therefore, when the pilot glances over to the
weather display, it should be easy to detect if there have been any changes. In
order to measure how accurately said changes are being detected, we must study
how certain factors have an effect on change detection performance by looking at
various scenarios. Previous research by Ahlstrom and Suss (2015) examined
19

different meteorological shapes such as circles, squares, and triangles to determine
their effect on change detection performance. The results suggest that change
detection accuracy varied depending on the color and the shape of the symbol.

2.7 Line Color Salience
Color is among the clearest features that affects stimulus salience and drives
visual search (McDermott, Malkoc, Mulligan, & Webster, 2010). A study
conducted by Heider-Rosch (2003) found that the basic colors of red, blue, yellow,
and green are more salient to observers. These focal colors are more salient then
nonfocal colors (combinations of basic or “focal” colors) because they are more
perceptually salient in both children and adults (Jameson & Alvarado, 2003).
Experiments conducted by Hickey, McDonald and Theeuwes (2003) examined
how shapes and colors affect participant performance when charged with finding a
specific target. By altering the target to be either a color or a shape, distractors of
the non-target object were included to determine which object grabbed the
participant’s attention first (e.g., if the target was to find a specific shape, the
experimenters included a unique color to serve as a distractor from the task of
finding the shape). The results of this study showed that the color component
captured the user’s attention more frequently both as the target and as the distractor,
implying that color is a more salient feature when compared to shapes (Schubo,
2009). As mentioned before, however, the outcome of these results will not
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necessarily stand true for all situations. Different environments can produce
different results when it comes to the performance of color salience.

2.8 Line Thickness Salience
As mentioned previously by Wong (2010), size is one of the features that
can have an effect on the level of salience of an object. With regards to the
proposed research, the focus is to understand how size, or line thickness, will affect
participant detection performance. Unfortunately, there has not been much
research conducted with regards to line thickness; however, there have been studies
that examine the salience of size and color differences with regards to borders. An
experiment conducted by Rashid and Wogalter (1997) examined how borders
around warning signs affect the perceived salience of the warning. The results
showed that thicker borders were more salient than thin borders.

2.9 Line Orientation Salience
The orientation of line segments can be categorized in two ways: Cardinal
(vertical or horizontal) and oblique (skewed) (Hruszczyk & Ahlstrom, 2016). In
order to process orientation in the environment, neurons in the visual cortex tend to
become tuned more so toward cardinal orientations rather than oblique orientations.
This “oblique effect” leaves the observer with a poorer sensitivity to oblique
orientations when compared to cardinal orientations (Maloney & Clifford, 2015).
A study conducted by Wenderoth (1994) found that even with the findings stated in
21

the “oblique effect”, line orientation salience depends on the range of stimuli
presented in the environment. The results from their study showed that vertical,
horizontal, and even perfectly diagonal lines can have a tendency to perform better
than their counter-parts depending on what other stimuli is presented in conjunction
with it.

2.10 Conclusion
Through the process of reviewing the existing literature, this chapter
examines the concepts behind identifying and measuring salience, as well as how it
plays a part in change detection performance. In order to utilize this knowledge,
human factors engineers and researchers can incorporate these concepts into the
design of general aviation weather displays. Through the process of testing and
reviewing, it is possible that an effective weather alerting system for
implementation into the national airspace system could be achieved. As a result, it
is plausible that weather-related general aviation accident rates would decrease.
After reviewing the existing literature, it is clear that there is a gap in the literature
with regards to change detection performance and line salience based on varying
characteristics. The gap in the literature was filled through having conducted the
present study that resulted in a greater understanding of how line salience affects
change detection performance.
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Chapter 3 Methodology

3.1 Introduction
This chapter provides a detailed overview of the methodology for this
study. Beginning with the research design and approach, this section takes a look
at the type of study the researcher conducted as well as the research methodology
behind it. The procedures used for data collection are also discussed in this
chapter. This section is followed by a description of the targeted and accessible
population for this study. A power analysis was performed to determine the
probability of reaching the stated goals, followed by a description of the
instrumentation, independent variable, and dependent variables. Finally, the
methods for data analysis will be reviewed and discussed within this chapter.

3.2 Research Design and Approach
The purpose of this study was to empirically evaluate how differences in
line symbol salience affect pilot change detection performance. Using a
quantitative experimental approach, this study examined the relationship between
an object's level of salience and the observed change detection performance. The
stimuli for this study consisted of line segments that varied in color (i.e., black, red,
and blue), thickness (i.e., thin, medium, and thick), orientation (i.e., vertical,
23

horizontal, and oblique), and position (i.e., upper left, lower left, upper right, and
lower right quadrant). The line segments were superimposed on a visual flight rule
(VFR) background map that also contains precipitation, special-use airspace (SUA)
areas, and lightning information. To create some variation in the background maps
between trials, the map was rotated in steps of 90o to create four background
configurations, see Figure 3. Altogether, the image manipulations resulted in a
4 x 3 x 3 x 4 x 2 design. The analysis of this study focused primarily on the main
effect of color on change detection performance.

Figure 3. Examples of map changes in the stimuli. Left: thick horizontal black
line segment in the left lower quadrant. Middle: thin vertical blue line segment
in the upper left quadrant. Right: medium oblique red line in the upper right
quadrant (Hruszczyk & Ahlstrom, 2016).
In order to measure the salience of an image, a technique similar to that
used by Becker et al. (2016) was used in this experiment. A salience map for each
analysis was generated using the Achanta et al. (2009) software. Next, changedetection images were created using a free program known as GNU Image
Manipulation Program (GIMP). Finally, the intensities of the salience maps were
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measured using the free select tool or the fuzzy select tool within GIMP. For the
numeric value of the salience (as measured in terms of intensity of the salience
map) associated with the line for each respective color, see Table 1. The goal of
this study was to test that change detection performance was best with the blue line,
followed by the red line as second best, and the worst being the black line, based on
the previous results of this study.
Table 1. Average level of line salience for the colors: black, blue, and red
(Hruszczyk & Ahlstrom, 2016).
Total Average Salience:
Black

100.49

Red

165.03

Blue

250.92

As mentioned in chapter 1, the research questions that needed to be answered to
achieve this goal and their hypotheses are:
RQ 1: What effect does the level of salience based on line color have on change
detection performance in weather displays?
RQ 2: What effect does the level of salience based on line thickness have on
change detection performance in weather displays?
RQ 3: What effect does the level of salience based on line orientation have on
change detection performance in weather displays?
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Null Hypothesis 1
Ho1: The level of salience based on line color will have no significant effect
on change detection performance.
Alternative Hypothesis 1
HA1: The level of salience based on line color will have a significant effect
on change detection performance, with the blue line yielding the highest
detection performance, followed by the red line, and with the black line
yielding the lowest detection performance.
Null Hypothesis 2
Ho2: The level of salience based on line thickness will have no significant
effect on change detection performance.
Alternative Hypothesis 2
HA2: The level of salience based on line thickness will have a significant
effect on change detection performance.
Null Hypothesis 3
Ho3: The level of salience based on line orientation will have no significant
effect on change detection performance.
Alternative Hypothesis 3
HA3: The level of salience based on line orientation will have a significant
effect on change detection performance.
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To begin the study, participants received a quick debriefing in front of the
experimental computer by the researcher to explain the study instructions.
Participants then began the experiment by following the directions on the screen
and pressing the spacebar in front of them to start each trial of the change detection
task. Once the spacebar was pressed, a gray screen with a centered cross hair
appeared for 1000 ms followed by the first image which was displayed for 400 ms.
After the first image was displayed, a gray screen appeared for 100 ms followed by
a display of the second image for 400 ms. After the second image was displayed, a
gray screen appeared until the participant responded to whether or not ("yes" or
"no") a change occurred between the two images, see Figure 4. This process was
repeated for all 576 trials, half of the trials were noise trials (i.e., no change) with
the remainder of the trials being signal trials (i.e., change). The study took between
20 to 40 minutes per participant to complete.
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Figure 4. Illustration of the 'one-shot' change detection task (signal trial).
There is a significant meteorological information (SIGMET) outline in Image
1 that is not shown in Image 2 (Hruszczyk & Ahlstrom, 2016).

3.3 Population
The targeted population for this study was general aviation pilots who
utilize digital weather displays while flying in the United States. In addition to the
targeted population, other groups that can benefit from the results of this study are
commercial aviation pilots and military pilots who utilize digital weather displays
in the cockpit. As stated in section 2.2, with the rise of NextGen and the variety of
tools that come with it, the results from this study could in fact be beneficial to all
the pilots of the future who will use NextGen weather applications while flying.
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3.4 Sample
In addition to the 24 participants from the FAA's William J. Hughes
Technical Center in Atlantic City, NJ, the accessible population for continuing this
study was the Florida Institute of Technology population. No prior experience with
aviation weather displays or flight was required in order to participate in this study.
As a result, this convenience sample consisted of a mixture of both pilots and nonpilots who had varying ranges of experience with aviation weather displays. This
sample was recruited using resources such as an email student forum, FitForum, to
reach out to the college community. In order to be eligible to participate in this
study, participants had to be over the age of 18. Specific demographic information
about each participant such as age, gender, ethnicity, height, flight experience,
flight ratings, and level of experience with aviation weather displays was collected.

3.5 Power Analysis
In order to ensure that a sufficiently large sample was used during the
experiment, a power analysis using a model script from Kruschke (2011) was
conducted. Using RStudio, a repeated number of simulations (i.e., 400) were run to
determine the power of reaching the stated goals. In order to achieve an industry
standard of 80% power, simulation runs revealed the minimum sample size to be a
total of 24 participants. Dividing this sample among the three levels of color in the
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independent variable results in there being a minimum of eight participants per
color.

3.6 Instrumentation
The simulation equipment that was used in this study was the Stimulus
Experiment Systems (SES) software. Developed by FAA researchers (Hruszczyk
& Ahlstrom, 2016), the SES software displayed the change detection stimuli on a
computer screen to the participant. Before beginning the simulation, each
participant completed an informed consent form and questionnaire. The informed
consent form explained the purpose of the study, the associated level of risk to the
participant by participating in the study, and the confidentiality of the participants’
results as well as their ability to withdraw from the study at any time without
penalty (Appendix A). The questionnaire collected demographic information about
each participant such as age, gender, ethnicity, height, flight experience, flight
rating, and level of experience with aviation weather displays (Appendix B). The
first run of this study was conducted in a research lab located at the William J.
Hughes Technical Center Cockpit Simulation Facility in Atlantic City, NJ during
the summer of 2016. The second run of this study was conducted in a quiet office
room located at the Florida Institute of Technology campus in Melbourne, FL
during the month of February, 2017.
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3.7 Independent Variable
The independent variables in this study were the color of the line segments,
the thickness of line segments, and the orientation of line segments in each trail. In
total, there were three different colors representing three different levels of
salience: black (low), red (medium), and blue (high). The salience level of these
line color segments was determined by using the salience-based analysis described
in section 3.2. The color of the line segments was a between-subjects truly
independent variable because the color of the line segments was randomly assigned
to participants in order to make equivalent, randomized groups. Both thickness and
orientation were considered within-subject independent variables.

3.8 Dependent Variable
The dependent variables in this study were the number of correct change
detections and the time (in milliseconds) it took the participant to respond. The
number of correct change detections were measured by tallying up the participant's
number of "yes" responses to signal trials (i.e., change) and the number of "no"
responses to noise trials (i.e., no change). These number were subsequently used to
derive the signal detection counts of hits, false alarms, misses, and correct
rejections. The number of correct responses as well as the average response time
per participant were then compared and contrasted between the color conditions.
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3.9 Data Analysis
One of the most common techniques for analyzing experimental data is with
the Null Hypothesis Significance Testing (NHST) framework, which utilizes pvalues. Created in the 1940s, this asymmetric framework combines the two
incompatible theories of Inductive behavior and Inductive inference creating a
single statistical framework (Gigerenzer, 1998; 2004). An alternative framework
that many researchers are switching to is modern Bayesian analysis. Bayesian
analysis provides researchers with a greater quantity and quality of data and
information for a study by allowing prior information and historical data to be used
in new analyses.
For this study, Bayesian Signal Detection Theory (SDT) was used which
relies on Markov Chain Monte Carlo (MCMC) sampling. By using this analysis,
values for means, standard deviations, and effect sizes were determined. The
program known as JAGS ("Just Another Gibbs Sampler", a program specifically
used to analyze Bayesian models using MCMC sampling), which was run using a
free statistical computing software called R studio (version 0.99.902). For this
analysis, 1,000 steps were used to tune the samplers and 2,000 steps were used to
burn-in the samplers while running and saving three chains. There were 200,000
samples to derive the posterior distributions, which will yield a complete
distribution of representative parameter values as discussed in the first iteration of
this study (Hruszczyk & Ahlstrom, 2016). Histograms were then used to show the
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posterior differences for parameter estimates between the three line color groups.
The black horizontal bar below each histogram represents the 95% High Density
Interval (HDI). The values inside the 95% HDI line are the most creditable values
because of their higher probability density when compared to values that lie outside
of the 95% HDI line.
The region of practical equivalence (ROPE) is an area of the posterior
histogram that was set to range from -.20 to .20. Values included in this range are
practically considered equivalent to null outcomes. When the value of 0 is outside
the 95% HDI, it can be said that the results are credible and the null value is
rejected. In situations where the value of 0 is within the 95% HDI, the difference
of 0 is declared as a credible outcome. When the ROPE completely contains the
95% HDI, the null value is accepted for practical purposes.
According to Whelan (2008), response time is a common dependent
measure that has been used in psychology and human factors research for many
years. Response time, also referred to as reaction time or latency, is defined as the
time taken to complete a task. Since the response time varies between trials, even
for the same subject under the same conditions, it is often treated as a random
variable and is therefore treated as being normally distributed. In reality, response
time distributions are never normally distributed. Response time distributions rise
rapidly on the left and have a long positive trail on the right, which is similar to an
ex-Gaussian distribution. The ex-Gaussian distribution is a combination of
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Gaussian distribution and exponential distribution. Overall, there are three
parameters that comprise the ex-Gaussian distribution: the mean (µ), the standard
deviation (σ) of the ex-Gaussian component, and the mean and standard deviation
of the exponential component (τ). The equations for computing the mean and the
variance for the ex-Gaussian probability density functions are 𝐸(𝑥) = 𝜇 + 𝜏 (the
mean) and 𝑣𝑎𝑟(𝑥) = 𝜎 2 + 𝜏 2 (the variance). The mean for the ex-Gaussian is
determined by taking the µ of the Gaussian distribution and adding it to the
standard deviation of the exponential distribution. The variance is found by
squaring the standard deviations for both the Gaussian and the exponential
distributions and adding those values together.

3.10 Conclusion
The purpose of this chapter was to provide the reader with an overview of
the methodology behind this research study. Several important elements including
the research design, population, sample, power analysis, instrumentation,
independent and dependent variables, and data analysis were discussed. It is
important to note that most of the information in this chapter was supported by the
previous iteration of this study since the new study builds upon previously
conducted research (Hruszczyk & Ahlstrom, 2016). As a result, it is believed that
the theory behind this study has been thoroughly researched and is well grounded.
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Chapter 4 Results

4.1 Introduction
This Chapter provides an overview of the results obtained from the part-task
change detection experiment. As reported in chapter 3, the research methodology
for this study used Bayesian estimation with MCMC sampling. After organizing
the raw data by category, a Bayesian signal detection theory (SDT) analysis was
performed to determine how the saliency characteristics of line color, line
thickness, and line orientation affected participant change detection performance.
The region of practical equivalence was then analyzed to determine the credibility
of the results. An ex-Gaussian analysis was later conducted to analyze participant
response times associated with correct responses to signal trials within the study,
and to determine if it may have varied as a result of performance. As a reminder
from chapter one, the research questions and their corresponding hypotheses for
this study are listed here.
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RQ 1: What effect does the level of salience based on line color have on change
detection performance in weather displays?


Ho1: The level of salience based on line color will have no significant effect
on change detection performance



HA1: The level of salience based on line color will have a significant effect
on change detection performance, with the blue line yielding the highest
detection performance, followed by the red line, and with the black line
yielding the lowest detection performance.

RQ 2: What effect does the level of salience based on line thickness have on
change detection performance in weather displays?


Ho2: The level of salience based on line thickness will have no significant
effect on change detection performance.



HA2: The level of salience based on line thickness will have a significant
effect on change detection performance.

RQ 3: What effect does the level of salience based on line orientation have on
change detection performance in weather displays?


Ho3: The level of salience based on line orientation will have no significant
effect on change detection performance.



HA3: The level of salience based on line orientation will have a significant
effect on change detection performance.
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4.2 Descriptive Statistics
The research used a sample size of N = 24 participants: where n = 11
females and n = 13 were males. Unfortunately during the collection period, one
participant began falling asleep. This resulted in the researcher excluding that
participants results from the study and collecting an extra sample to achieve the
desired sample size. In order to prepare the data for analysis, the results from the
biographical questionnaires and the experimental software were then compiled into
a comma separated values Excel spreadsheet. The data from this study was then
combined with the data from the previous iteration of this study (Hruszczyk &
Ahlstrom, 2016), resulting in a total sample size of N = 48. The sample from the
summer 2016 data set was comprised of a much wider age range of participants,
with the youngest subject being 24 years of age and the oldest subject being 65
years of age. The summer sample was made up entirely of males, 13 of which were
pilots and 11 that were not. The level of experience with aviation weather displays
varied by participant for both the summer and February data sets. Table 2 displays
an overview of the biographical information acquired through the questionnaires
for the 24 samples collected in this study, as well as the biographical information
for the 24 samples collected in the summer of 2016.

37

Table 2. Percentages of biographical questionnaire data from participants
February 2017:
Variable

Overall

Gender
Male
54.2%
Female
45.8%
Age
18 - 24
87.5%
25 - 29
8.3%
45 - 49
4.2%
Pilot Certificate/rating
Yes
12.5%
No
87.5%

Experience with Weather Displays
None
Few
Always

84.6%
63.6%

15.4%
27.3%

0%
9.1%

85.7%
0%
0%

9.5%
100.0%
100.0%

4.8%
0%
0%

33.3%
81.0%

66.7%
14.3%

0%
4.8%

Summer 2016:
Variable

Overall

Gender
Male
100%
Age
18 - 24
4.2%
25 - 29
12.5%
30 - 34
12.5%
35 - 39
12.5%
40 - 44
4.2%
45 - 49
12.5%
50 - 54
8.3%
55 - 59
8.3%
60 - 64
20.8%
65 - 69
4.2%
Pilot Certificate/rating
Yes
54.2%
No
45.8%

Experience with Weather Displays
None
Few
Always

58.3%

33.3%

8.3%

100%
66.6%
66.6%
66.6%
0%
33.3%
100%
50%
60%
0%

0%
33.3%
33.3%
33.3%
100%
33.3%
0%
0%
40%
100%

0%
0%
0%
0%
0%
33.3%
0%
50%
0%
0%

38.5%
81.8%

46.2%
18.2%

15.3%
0%
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4.3 Data Analysis
The purpose of this study was to empirically evaluate how differences in
line symbol salience affect pilot change detection performance. This goal was
accomplished using a Bayesian equal-variance SDT Model and Markov Chain
Monte Carlo (MCMC) Sampling. This model relied on the recorded data of hits,
misses, correct rejections, and false alarms from the experimental software to
derive indexes of discriminability (d) and bias (c). The discriminability index, d,
shows how easily participants were able to differentiate between signal trials
(change) and noise trials (no change). When the d value is high, the change was
easily detectable by the participant; likewise, a d value of zero is equitable to
random guessing. The bias index, c, measures the participant’s decision-making
criterion. If the participant scores a positive value on the bias index, they have a
higher tendency for responding “NO,” leading to a higher number of correct
rejections and misses. If the participant scores a negative value of the bias index,
they have a higher tendency for responding “YES,” leading to a higher number of
hits and false alarms.
The main effects analyses focused on using the Bayesian SDT and MCMC
models above in order to answer the three research questions presented in chapter
one. For research question one, the posterior distribution shows that the blue lines
have the highest discriminability (d), with the black lines having the lowest and the
red lines in between, see Figure 5. The blue lines also have a lower positive bias
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(c) compared to the red and black lines. This indicates that participants had a
greater bias in responding “NO” to the black and red stimuli when compared to the
blue stimuli. The mean posterior d and c for each color along with the contrasts
between each color has been calculated below, see Table 3.

Figure 5. Posterior distributions for the black, red, and blue line colors in
terms of discriminability (d) and bias (c).

Table 3. Line Color Discriminability (d), Bias (c), and Contrasts
Md

95% HDI
Low

High

Mc

95% HDI
Low

High

Black

1.37

1.31

1.42

0.32

0.29

0.34

Red

2.17

2.11

2.24

0.28

0.25

0.31

Blue

2.43

2.36

2.50

0.18

0.15

0.21

M d diff

95% HDI
Low

High

M c diff

95% HDI
Low

High

Contrast Black vs. Red

-0.80

-0.89

-0.72

0.03

-0.01

0.08

Contrast Black vs. Blue

-1.06

-1.15

-0.97

0.13

0.09

0.18

Contrast Red vs. Blue

-0.26

-0.35

-0.16

0.10

0.05

0.14

*In situations where the value of 0 is within the 95% HDI, the difference of 0 is
declared as a credible outcome. When the ROPE completely contains the 95%
HDI, the null value is accepted for practical purposes.
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After reviewing the contrasts for all the colors, the results show that all
three contrasts for discriminability were credible. The discriminability of the red
lines were higher than the black lines, and the discriminability of the blues lines
were higher than both the black and red lines. This answered the first research
question: What effect does the level of salience based on line color have on change
detection performance in weather displays? Based on these results the null
hypothesis, which stated that the level of salience based on line color will have no
significant effect on change detection performance, was rejected. The level of
salience based on line color has a significant effect on change detection
performance, with the blue line yielding the highest detection performance,
followed by the red line, and with the black line yielding the lowest detection
performance.
The second research question analyzes the effect of line thickness with
regards to the main effect of color using three separate posterior distributions, see
Figure 6. In order to understand how line thickness effected salience, each color
was contrasted following the same methods for the previous research question.
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Figure 6. The posterior discriminability (d) and bias (c) for the thick (left),
medium (middle), and thin (right) line segments.
For the thick line stimuli, the only credible contrast were between the black
and red lines, and the black and blue lines. Here, the red lines had a larger d than
the black lines, and the blue lines had a larger d than the black lines, see Table 4.
There was no credible difference between the red and the blue lines for either d or
c. There was a credible difference between the black lines when compared to the
blue and red lines in c, showing a greater bias in participants responding “NO” to
black lines.
Table 4. Thick Line Color Discriminability (d), Bias (c), and Contrasts
Md

95% HDI

Mc

95% HDI

Low

High

Low

High

Black

1.56

1.46

1.67

0.24

0.19

0.30

Red

2.67

2.55

2.80

0.17

0.10

0.23

Blue

2.63

2.51

2.76

0.12

0.07

0.19

M d diff

95% HDI
Low

High

M c diff

95% HDI
Low

High

-0.005

0.16

Contrast Black vs. Red

-1.11

-1.27

-0.95

0.07

Contrast Black vs. Blue

-1.07

-1.23

-0.90

0.12

0.03

0.20

Contrast Red vs. Blue

0.04

-0.13

0.21

0.04

-0.04

0.13

*In situations where the value of 0 is within the 95% HDI, the difference of 0 is
declared as a credible outcome. When the ROPE completely contains the 95%
HDI, the null value is accepted for practical purposes.
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For the medium line stimuli, the outcome was similar to that of the thick
line stimuli. The red lines had a larger d than the black lines, and the blue lines had
a larger d than the black lines, see Table 5. Again, there was a credible difference
between the black lines when compared to the blue and red lines in c, showing a
greater bias in participants responding “NO” to black lines.
Table 5. Medium Line Color Discriminability (d), Bias (c), and Contrasts
Md

95% HDI
Low

High

Mc

95% HDI
Low

High

Black

1.55

1.45

1.65

0.26

0.21

0.31

Red

2.38

2.26

2.50

0.19

0.13

0.25

Blue

2.47

2.36

2.60

0.17

0.11

0.23

M d diff

95% HDI
Low

High

M c diff

95% HDI
Low

High

Contrast Black vs. Red

-0.82

-0.98

-0.67

0.07

-0.001

0.15

Contrast Black vs. Blue

-0.92

-1.08

-0.76

0.09

0.01

0.17

Contrast Red vs. Blue

-0.09

-0.26

0.07

0.02

-0.06

0.10

*In situations where the value of 0 is within the 95% HDI, the difference of 0 is
declared as a credible outcome. When the ROPE completely contains the 95%
HDI, the null value is accepted for practical purposes.
For the thin line stimuli, the contrasts between all three colors were
credible. The red lines had a larger d than the black lines, the blue lines had a
larger d than the black lines, and the blue lines had a larger d than the red lines, see
Table 6. There were also creditable differences in c between the blue and black
lines as well as the red and blue lines. There was a greater bias in responding “NO”
for the black lines when compared to the blue lines, and there was a greater bias in
responding “NO” for the red lines when compared to the blue lines.

43

Table 6. Thin Line Color Discriminability (d), Bias (c), and Contrasts
Md

95% HDI

Mc

95% HDI

Low

High

Low

High

Black

1.00

0.90

1.10

0.43

0.39

0.48

Red

1.62

1.51

1.72

0.43

0.38

0.49

Blue

2.20

2.09

2.32

0.24

0.18

0.30

M d diff

95% HDI
Low

High

M c diff

95% HDI
Low

High

Contrast Black vs. Red

-0.62

-0.76

-0.47

0.00

-0.07

0.07

Contrast Black vs. Blue

-1.20

-1.35

-1.05

0.20

0.12

0.27

Contrast Red vs. Blue

-0.59

-0.74

-0.43

0.20

0.12

0.27

*In situations where the value of 0 is within the 95% HDI, the difference of 0 is
declared as a credible outcome. When the ROPE completely contains the 95%
HDI, the null value is accepted for practical purposes.
When analyzing variability in line thickness using the main effect of color,
saliency results remained consistent with previous findings in this research. The
black line had the greatest bias in responding “NO” when compared to the other
two colors in each line thickness condition. For the thicker conditions (thick and
medium), the blue and red lines experienced a type of ceiling effect where their
mean levels of discriminability reach an equivalent value. The discriminability
values of each color for the thin line followed a similar pattern to that of the color
analysis, where blue yielded the highest performance followed by red and black as
the lowest. After analyzing these results, it was determined that thicker line
conditions yield higher detection performance values than thinner lines. This
answered the second research question: What effect does the level of salience based
on line thickness have on change detection performance in weather displays?
Based on this outcome, the null hypothesis, which stated that the level of salience
based on line thickness will have no significant effect on change detection
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performance, for the second research question was rejected. The level of salience
based on line thickness has a significant effect on change detection performance.
The third research question analyzes the effect of line orientation with
regards to the main effect of color again using three separate posterior distributions,
see Figure 7. In order to understand how line orientation affected salience, each
color was contrasted following the same methods for the previous two research
questions.

Figure 7. The posterior discriminability (d) and bias (c) for the diagonal (left),
horizontal (middle), and vertical (right) line segments.
For the diagonal line stimuli, the contrasts with regards to d for all three
colors were credible. The red lines had a higher d than the black lines, the blue
lines had a higher d than the red lines, and the blue lines had a higher d than the
black lines, see Table 7. There was a credible difference in c between the blue lines
when compared with the black and the red lines, showing a greater bias in
participants responding “NO” to black and red lines. There was no credible
contrast between the black and red lines.
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Table 7. Diagonal Line Color Discriminability (d), Bias (c), and Contrasts
Md

95% HDI

Mc

95% HDI

Low

High

Low

High

Black

1.39

1.29

1.49

0.31

0.26

0.36

Red

2.19

2.07

2.30

0.28

0.22

0.34

Blue

2.48

2.37

2.60

0.15

0.09

0.21

M d diff

95% HDI
Low

High

M c diff

95% HDI
Low

High

Contrast Black vs. Red

-0.80

-0.95

-0.65

0.03

-0.04

0.11

Contrast Black vs. Blue

-1.10

-1.25

-0.94

0.16

0.08

0.24

Contrast Red vs. Blue

-0.30

-0.46

-0.13

0.13

0.05

0.21

*In situations where the value of 0 is within the 95% HDI, the difference of 0 is
declared as a credible outcome. When the ROPE completely contains the 95%
HDI, the null value is accepted for practical purposes.
For the horizontal line stimuli, similar to that of the diagonal results, the
contrasts with regards to d for all three colors were credible. The red lines had a
higher d than the black lines, the blue lines had a higher d than the red lines, and
the blue lines had a higher d than the black lines, see Table 8. The only credible
contrast in c for the horizontal line sections was between the black and the blue
lines.
Table 8. Horizontal Line Color Discriminability (d), Bias (c), and Contrasts
Md

95% HDI
Low

High

Mc

95% HDI
Low

High

Black

1.35

1.25

1.45

0.32

0.27

0.37

Red

2.12

2.01

2.24

0.29

0.24

0.35

Blue

2.50

2.38

2.63

0.22

0.15

0.28

M d diff

95% HDI
Low

High

M c diff

95% HDI
Low

High

Contrast Black vs. Red

-0.77

-0.92

-0.62

-0.03

-0.05

0.10

Contrast Black vs. Blue

-1.15

-1.31

-0.99

-0.10

0.02

0.18

Contrast Red vs. Blue

-0.38

-0.55

-0.21

-0.08

-0.01

0.16

*In situations where the value of 0 is within the 95% HDI, the difference of 0 is
declared as a credible outcome. When the ROPE completely contains the 95%
HDI, the null value is accepted for practical purposes.
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For the vertical line stimuli, the only credible contrast with regards to d
were between the black and red lines, and the black and blue lines. Here, the red
lines had a larger d than the black lines, and the blue lines had a larger d than the
black lines, see Table 9. There was no credible difference between the red and the
blue lines for d. There was a credible difference in c between the blue lines when
compared to the black and red lines, showing a greater bias in participants
responding “NO” to black and red lines.
Table 9. Vertical Line Color Discriminability (d), Bias (c), and Contrasts
Md

95% HDI

Mc

95% HDI

Low

High

Low

High

Black

1.35

1.26

1.45

0.33

0.28

0.38

Red

2.20

2.09

2.32

0.28

0.22

0.34

Blue

2.30

2.19

2.42

0.19

0.13

0.24

M d diff

95% HDI
Low

High

M c diff

95% HDI
Low

High

Contrast Black vs. Red

-0.85

-1.00

-0.69

-0.05

-0.03

0.12

Contrast Black vs. Blue

-0.95

-1.10

-0.80

-0.14

0.07

0.22

Contrast Red vs. Blue

-0.10

-0.26

0.06

-0.09

0.01

0.18

*In situations where the value of 0 is within the 95% HDI, the difference of 0 is
declared as a credible outcome. When the ROPE completely contains the 95%
HDI, the null value is accepted for practical purposes.
When analyzing variability in line orientation using the main effect of color,
saliency results remained consistent with previous findings in this research. The
black lines had the lowest discriminability and greater bias in participants
responding “NO.” In addition to this finding, the mean values for all three colors in
the three different line orientation conditions are almost identical. This answered
the third research question of this study: What effect does the level of salience
based on line orientation have on change detection performance in weather
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displays? Based on this finding using the data collected from this portion of the
study, the study failed to reject the null hypothesis for the third research question:
The level of salience based on line orientation has no significant effect on change
detection performance.
In addition to the SDT and MCMC models described above, an ex-Gaussian
response time (RT) analysis was conducted on participant response times using a
Bayesian between-subjects model. To ensure that the model was working
correctly, a rexgauss function was used to generate synthetic data that was
compared with known parameter values. For the analysis, the response times for
all signal trials answered correctly were analyzed. The RT data, the mean of the
ex-Gaussian distribution, and the variance of the ex-Gaussian distribution for the
three separate line color condition are displayed in Figure 8. After completing the
RT analysis, it was found that the differences are too small to have any practical
importance.
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Figure 8. Response Time (RT) data (left) with the mean (middle) and variance
(right) of the ex-Gaussian distribution for the black (top row), red (middle
row), and blue (bottom row) line conditions.

4.4 Conclusion
The purpose of this study was to further examine how characteristics such
as line color, thickness, and orientation affect an object’s salience value as well as
an observer’s change detection performance and response time. The results
analyzed in this chapter provide empirical evidence to suggest that characteristics
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such as line color and line thickness do impact change detection performance. It
can also be said that the characteristic of line orientation does not affect change
detection performance. Finally, the results show that line saliency characteristics do
not have meaningful and important effects on participant response time with
regards to change detection.
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Chapter 5 Discussion

5.1 Overview
The purpose of this study was to empirically evaluate how differences in
line symbol salience affect pilot change detection performance. Because of the
lack of literature regarding the specific characteristics measured in this study, and
the growing complexity of modern weather displays, this study was conducted in
order to add to the global knowledge base and aid developers in the task of
designing salient aviation weather displays.
This study collected a total of 24 subjects from a sample composed of flight
and non-flight individuals from the Florida Institute of Technology Melbourne
Campus. Basic biographic information for each participant was collected such as
age, gender, pilot certifications and ratings, experience with cockpit weather
displays, flight hours, and instrument hours. For the study task itself, participants
sat in front of the same computer in the same room while completing a part-task
experiment using the SES software. After being randomly assigned to one of three
line colors (black, red, or blue), the participants completed a total of 576 trials
where they would respond “YES” if they saw a change between image one and
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image two, and “NO” if they did not see a change between image one and image
two.
The data analysis portion of this study utilized a Bayesian estimation with
MCMC sampling. After running the data through this model using the R statistical
computing software, model predictions were derived to answer the following
research questions:
RQ 1: What effect does the level of salience based on line color have on
change detection performance in weather displays?
RQ 2: What effect does the level of salience based on line thickness have on
change detection performance in weather displays?
RQ 3: What effect does the level of salience based on line orientation have
on change detection performance in weather displays?

5.2 Summary of Findings
The Bayesian analysis examined whether the variables tested in this study
had a significant (i.e., credible and important) effect on change detection
performance, by comparing the discriminability value for each color (black, red,
and blue) against one another. Through examining the 95% HDI for each contrast,
it was possible to determine the credibility of the outcome for each contrast (black
vs. red, black vs. blue, and red vs. blue). In addition, the main effect of color was
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also used to examine the effect of salience based on line thickness and line
orientation on change detection performance. For the main effect, the research
suggests that the level of salience based on line color has a significant and
important effect on change detection performance. In other words, the color within
the environment that has the highest level of saliency when compared to its
surrounding colors will yield the best change detection performance. This theme
remained consistent when examining change detection effects of line thicknesses
and line orientations.
For the line thickness component of the study, the main effect of color was
observable for the low saliency thin lines; however, as the thickness of the lines
increased (medium and thick), the main effect of color began to taper off as the mid
(red) and high (blue) level colors began to intermesh. This implies that the level of
salience based on line thickness does have a significant effect on change detection
performance. After reviewing the results for the line orientation analysis, however,
the posterior distributions for all three orientations were almost identical matches
and followed the same trend as that of the color analysis. Based on these results,
no significant or meaningful effect for the line orientation could be found.

5.3 Interpretation of Findings
This research examined the possible influences of saliency with regards to
line color, line thickness, and line orientation and how they affect change detection
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performance. The results from the statistical analysis for the first research question
concerned with what effect does the level of salience based on line color have on
change detection performance in weather displays suggests that colors with higher
levels of saliency are better at being detected than colors with low levels of
saliency. In regards to this study, the blue line color was the most salient condition,
followed by the red line color, and the black line color was the least salient. Based
on these results, the study uses the main effect of color to go further and analyze
thickness saliency with regards to change detection performance.
The results from the statistical analysis for the second research question,
concerned with what effect does the level of salience based on line thickness have
on change detection performance in weather displays, suggests that thicker lines are
better at being detected than thin lines of the same color saliency. For the analysis
of the low saliency condition of thin lines the results replicated that of the color
analysis. Therefore, it suggested that color was the most influencing factor of thin
line change detection performance. For the conditions of the higher saliency
medium and thick lines, the performance of the blue and red conditions equalized,
representing a type of ceiling effect with regards to object saliency and change
detection performance.
The results from the statistical analysis for the third research question, on
what effect does the level of salience based on line orientation have on change
detection performance in weather displays, suggests that line orientation saliency
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has no credible effect on change detection performance. The results from this
analysis showed almost identical outcomes for all three line orientation conditions
which replicated the results of the color analysis. This suggests that an influencing
factor of change detection in these trials was the level of salience of color, not the
level of saliency of orientation. Referring back to the literature in chapter two, line
orientation salience relies on a range of stimuli within the environment
(Wenderoth, 1994). This means that if more line orientation stimuli were present in
the environment, then perhaps a saliency effect for one or more of the orientation
conditions could have been observed.

5.4 Uncontrolled Variables
When conducting scientific research, there are always a few uncontrolled
variables that may have impacted the results of the study. As mentioned in chapter
one, the data collection consisted of a sample comprised mostly of college students
ranging in ages from 18 to 25. Since the sample population was comprised of both
flight and non-flight students, there was a variety of experience with cockpit
weather displays. Furthermore, it was also assumed that the participants were
truthful and honest while participating in the study, and completed each trial to the
best of their ability without random guessing. An important uncontrolled variable
to take into consideration was the vision quality of each participant, which could
have influenced the ability to see the changes as a whole. Another uncontrolled
variable that pertains mostly to the younger generations is the amount of video
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game experience participants had. This could have had an effect on participant’s
change detection performance as a whole.
One specific uncontrollable variable that was identified during data
collection was the effect of fatigue. Since the task associated with this study is
very repetitive, some participants found it harder to stay focused near the end.
Other factors that could have influenced this effect may have been the time of day,
the amount of sleep the participant had received the night before, and so on. After
concluding the thorough analysis covered in chapter 4, if the effects of fatigue did
influence the study it was not great enough to affect the credibility of the results.

5.5 Practical Implications
In addition to contributing towards the global base of knowledge for
identifying and measuring line symbol salience, this study sought to provide
recommendations for potential system improvements with regards to change
detection in aviation weather displays. As mentioned in chapter one, previous
research has found that symbol characteristics have different levels of effectiveness
when trying to convey information to the user (Ahlstrom & Suss, 2015). Through
conducting this research, empirical evidence has been found to suggest that
saliency characteristics also have different levels of effectiveness when trying to
convey information to the user.
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Reviewing the results from the line color analysis, it is clear that the color
with the highest saliency level within the testing environment yielded the best
change detection performance. Since these findings were consistent with the
results from the first iteration of this study at the FAA Technical Center, the results
from this study suggest that color is a very influential characteristic when used for
attention capture. This implies that aviation weather display designers could utilize
high saliency colors for high risk warnings and notifications, such as severe
weather alerts. However, the level of saliency of the colors would vary depending
on the characteristics of the environment.
In addition to the impact that color salience has on change detection
performance, the results suggest that thickness can have a great impact on change
detection performance as well. After reviewing the results, it was observed that
thicker lines increased the change detection performance of colors with lower
levels of salience. From these results, it can be implied that if a weather display
designer wanted to increase the saliency of one or more of the objects on the
screen, they can do so by increasing the thickness of the object. Again, this would
most likely be dependent on other objects within the environment.
As discussed in chapter four, the characteristic of line orientation did not
show any signs of variability with regards to change detection performance in this
study. However, as mentioned previously in chapter 2, orientation is a feature that
affects salience (Wong, 2010). This being said, change detection performance with
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regards to orientation salience may vary depending on the amount of vertical,
horizontal, and oblique lines present in the environment.

5.6 Recommendations for Future Research
The research outlined in this document has only analyzed a few of the
various variables pertaining to salience and change detection and how they relate to
aviation weather displays. Future research should be conducted to look into how
differences in background clutter affect the saliency level of characteristics like the
ones used in the present study. Other possible ideas for future research could be to
examine a broader spectrum of variable that might affect change detection
performance, such as user experience with digital symbology or the amount of
video gaming experience. It is also recommended that future research should
control for participant vision quality, such as color blindness. It should also be
noted that by restricting this study to a sample comprised only of pilots, results may
vary when compared to those found in this study due to the familiarity that pilots
already have of weather maps. Finally, future research in this area should account
for and measure fatigue in order to accurately determine how much of an impact it
has on change detection performance. For example, observer cognitive engagement
and visual fatigue could be monitored by means of functional near-infrared (fNIR)
systems and eye tracking systems during change detection tasks.
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5.7 Conclusion
This research was conducted in order to develop a better understanding of
change detection performance with regards to object salience for aviation weather
displays. By analyzing the data collected by the FAA in conjunction with the 24
samples collected at the Florida Institute of Technology, the research was able to
establish empirical evidence to answer three research questions regarding level of
saliency and change detection performance. Using the research findings from this
study, potential improvements can be made to current weather display designs in
order to help increase information salience and decrease weather related general
aviation accidents.
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